Expectations about future economic activity should theoretically affect the demand for inventory holdings and therefore commodity spot and futures prices. Consistent with these predictions, we find that news related to future GDP growth is a significant factor that is priced in the cross-section of commodity futures sorted by percentage net basis. The latter is highly correlated with inventories. In particular, it establishes that commodity futures with high inventory levels provide a hedge against risk associated with future GDP growth so that investors are willing to accept lower return. By contrast, those commodity futures with low inventory levels are inversely related to the GDP-related factor so that investors require a higher return. Such results suggest that commodity futures excess returns are a compensation for risk.
Introduction
The Theory of Storage (see, Kaldor, 1939; Working, 1949; Brennan, 1958) defines commodity futures prices in terms of carrying costs and benefits of holding the commodity rather than the futures contract. By contrast, the Theory of Normal Backwardation of Keynes (1930) and Hicks (1939) suggests that expected futures returns consist only of a risk premium paid by producers and inventory holders in order to hedge their exposure to future spot price risk. While these two views have long been subject of academic research, the empirical results are still mixed and inconclusive. The goal of this paper is to make an empirical contribution to this literature.
Using a broad cross-section of 26 commodity futures over the period from December 1969 to December 2012 we show in a standard linear asset pricing framework that risk can explain aspects of commodities as well as stocks' behaviour.
The net benefits of holding a commodity are typically referred to as the convenience yield and this is analogous to the dividend on a stock. Thus, similar to the dividend-price ratio in the equity literature, one can attribute the variation in the percentage net basis (net convenience yield to price ratio) to the variation in expected yield growth and/or expected excess returns.
Consistent with this decomposition, we find that sorting commodity futures contracts on the percentage net basis results in portfolio average excess returns that are monotonically increasing.
Furthermore, shorting commodity futures with the lowest percentage net basis and buying those with the highest percentage net basis results in an abnormal average excess return of around 18% per annum over the sample period. In the context of Merton's (1973) Intertemporal Capital Asset Pricing Model (ICAPM), we show that these abnormal returns can indeed be understood as a compensation for risk.
Several studies examine the pricing of traditional risk factors in commodity futures (see, inter alios, Daskalaki, Kostakis, and Skiadopoulos, 2014; Dusak, 1973; Jagannathan, 1985) but find their covariance with futures pay-offs to be statistically insignificant. The first and main contribution of this paper is that it addresses this question from a new perspective that provides novel insights on the pricing of commodity futures. As a point of departure, while the level of inventories may be a key determinant of expected commodity futures returns, it may equally reflect the expectations of producers and inventory holders about future economic activity or GDP (Gross Domestic Product) growth. Guided by this insight, we test whether news related to future GDP growth is a priced risk factor in the cross-section of commodity futures returns.
The testing approach follows Vassalou (2003) in creating a mimicking portfolio using the return from the sorted futures portfolios and two fixed-income portfolios. 1 As Cochrane (2005) 1 Note that Vassalou (2003) investigates the role of news about future GDP growth as a risk factor in the cross notes, the factor-mimicking portfolio contains the same pricing information as the state variable of interest and can be used as a hedging or profiting tool. The empirical findings suggest that commodity futures characterized by a high percentage net basis have negative exposure to the GDP-related factor, whereas those with a low percentage net basis have positive exposure. 2 That is, investors are ready to accept low returns on portfolios of futures with low percentage net basis since they provide a hedge against risk associated with future GDP growth, but demand high returns on portfolios of futures with high percentage net basis. These novel results follow from a stochastic discount factor approach and lead to the conclusion that portfolio excess returns are a compensation for risk. This result is in line with Frankel (2014) who argues that expectations of higher economic activity should have a positive effect on the demand for inventories and thus on commodity spot and futures prices.
The main implications of our asset pricing test are closely related to recent studies in the literature. Gorton, Hayashi, and Rouwenhorst (2013) investigate the effect of inventories on the variation of expected commodity futures returns and show empirically that state variables like the basis, prior futures returns, and spot price volatility are related to the level of inventories and the risk premiums. However, in contrast to our study, their analysis is not concerned with the determinants of inventory holdings and how these determinants affect futures prices. Yang (2013) follows the recent trend in the currency market literature and adopts a datadriven approach to identify a slope factor, which represents the return difference between the highest and lowest portfolios sorted on the basis (HML). He finds that this factor is successful in explaining the cross-sectional variations of the basis sorted portfolio excess returns and it is highly correlated with investment shocks, which represents technological progress in producing new capital. In contrast to his study, this study finds that the GDP-related factor has a correlation of about ¡41% with the analogous slope factor from the percentage net basis sorted portfolios. Therefore, it does not substitute one factor with an identical factor. Instead it shows that the orthogonalized component (with respect to the GDP-related factor) of the HML portfolio is not priced when it is jointly included with the (GDP growth) factor-mimicking portfolio, whereas the latter is highly significant. The paper's second contribution is that our empirical findings indirectly shed light on the literature that investigates the overarching question of whether commodities are distinctive or their risk-return profile is similar to stocks. 3 Vassalou (2003) finds the same macroeconomic section of equity returns.
2 The theory predicts that the convenience yield is a convex function of inventories, i.e. it declines as the level of inventories decreases (see Ng and Pirrong, 1994 , and references therein). Therefore, commodities characterized by low percentage net basis are associated with high level of inventories and vice versa.
3 Fernandez-Perez, Fuertes, and Miffre (2015) establish that commodity portfolios that capture the backwardation and contango phases exhibit predictive power for aggregate equity market returns. See also Bessembinder variable to be a significant factor that explains the cross-section of equity returns. Therefore, in this sense, commodity futures and stock markets share similar risk characteristics, suggesting a degree of market integration. To our knowledge, this is the first study to establish such a finding.
The rest of the paper is organized as follows. In Section 2, we provide a decomposition of commodity futures returns using a rational no-bubble framework. Section 3 describes the data and the construction of the commodity futures portfolios. Section 4 offers a risk-based explanation of the returns. In Section 5, we discuss the empirical results from the cross-sectional asset pricing test. Section 6 provides robustness results of our findings considering alternative portfolios. Finally, Section 7 concludes.
The decomposition of commodity returns
In arbitrage equilibrium, the contemporaneous relationship between the futures price of a commodity F pτq t at time t for delivery at t τ and the spot price S t can be summarised as:
where R pτq t is the risk-free τ period interest rate, C t τ is the net (of storage costs) convenience yield. It can be seen from (1) that the extent to which the discounted futures price,
, deviates from the spot price depends on the magnitude of the net convenience yield. If it is large and positive, the futures price is lower than the spot price and, in this case, the futures market is said to be in strong backwardation. Keynes (1930) and Hicks (1939) stress that backwardation is indeed a normal condition and the price of the futures contract appreciates as it comes closer to maturity because of a risk premium. The commodity producers and inventory holders take short positions in the futures market to hedge their exposure to future spot price risk. Since they are more risk-averse than their counterparts (usually referred to as speculators), they sell the contract at a discount to the expected future spot price, which represents the premium. These two views have long been at the centre of academic debate and have been separated into two different strands of the literature -the Theory of Storage and the Theory of Normal Backwardation. Following Pindyck (1993) , the main features of both of these theories can be combined to derive testable implications for the cross-section of commodity returns.
Consider an investment in a unit of commodity that is held from time t to t 1 and sold (1992) , Bessembinder and Chan (1992) , Erb and Harvey (2006) , Gorton and Rouwenhorst (2006) .
for price S t 1 . The expected return on this investment is given by:
where E t denotes the expectations operator conditional on the information at time t. Because of uncertainty about the spot price at time t 1, assume that the expected return can be written
t , where π is a risk premium. One can use (1) and (2) to show that:
Consistent with the Theory of Normal Backwardation, this equation suggests that the futures price is a biased predictor of the future spot price and the bias is equal to the expected premium.
It is straightforward to show from (3) that the payoff to a strategy where an investor goes long a one month futures contract and holds it to delivery is: Fama and French (1987) show empirically that the futures-spot differential (or spread) in (1) is informative about the payoff in (4). This is intuitive since both of them are related to the expected premium, but only the spread is observable at time t.
Solving (2) for S t , iterating forward, and imposing the transversality condition yields the present value model for commodities where changes in spot prices are explained by changes in fundamentals:
One can relate the variation in percentage net basis (net convenience yield to spot price ratio) to the variation in risk premia using the present value model and the log-linear approximation of Campbell and Shiller (1988) . However, during periods of high inventories, the net convenience yield can be negative and the logarithm will not be defined. To take this into account, we again follow Pindyck (1993) and work with the arithmetic ratio z t C t {S t . Specifically, in the Appendix it is shown that the normalized percentage net basis is informative about the future yield growth and expected returns:
where ρ is a number close to one, z I t z t {z, and C I t C t {C.C andz are the sample means of C and z, respectively. Assuming that the riskless rate is constant over time, (6) becomes:
Equation (7) is an alternative representation of (5) The resulting series correspond to the realized return by a trader that maintains a long position in the nearest futures contract, rolling to the second nearest at the last business day of the month prior to maturity. 6 Following this procedure, the return series are constructed using successive prices on a contract with a given maturity.
We infer the net convenience yield using (1), the price of futures with three months to maturity (as closely as possible), and the three month Treasury bill as a proxy for the risk free 4 We use a classification similar to that used by Fama and French (1987) . 5 The choice of discrete returns is in line with Gorton, Hayashi, and Rouwenhorst (2013) and Yang (2013) . It also allows us to avoid the assumption of joint log-normality of futures excess returns and the stochastic discount factor described in Section 4. In addition, the choice of simple returns will be useful when constructing the portfolios, since linear returns are additive across assets. 6 We concentrate the analysis on the nearest futures contract because they are the most liquid (e.g., Chan, 1992; Fleming, Ostdiek, and Whaley, 1996; Ergün, 2009). rate. 7 Because spot prices of commodities are not directly comparable to futures prices (e.g. Pindyck, 1993) , a common practice in the literature is to approximate the spot price, S t , by the price of the nearest futures contract. However, one problem is that most commodity futures in our sample do not trade for delivery in every month and the nearest contract might have few months until expiration. In such case the price of this contract might not be a good proxy for the cash price. Therefore, we follow Pindyck (1993 Pindyck ( , 2001 Pindyck ( , 2004 and extrapolate the spot price from the price of the nearest and second nearest futures contracts:
where τ 1 is the number of days to the expiration of the nearest contract, F p1q t , and τ 2 is the number of days to the expiration of the next-to-nearest contract, F p2q t . We follow the literature and construct portfolios by sorting the futures into five bins to capture the informational content of the percentage net basis. This sorting approach was introduced in the finance literature by Fama and French (1993) and has recently been applied in the currency and commodity literature (see, inter alios, Lustig and Verdelhan, 2007; Menkhoff, Sarno, Schmeling, and Schrimpf, 2012; Yang, 2013; Szymanowska, de Roon, Nijman, and van den Goorbergh, 2014) . The strategy is implemented as follows. At the end of month t we rank available commodities based on the percentage net basis. The lowest percentage net basis quintile of commodities is allocated to portfolio P 1, the next to portfolio P 2, and so on up to portfolio P 5, which contains the highest percentage net basis quintile. This decomposition is held until the end of month t 1. The return on each portfolio is calculated as an equallyweighted average of the composite futures excess returns. We follow this strategy each month until the end of the sample. We also consider two other portfolios. One is an equally-weighted average long only position in all five portfolios and is denoted by EWA. The other is a longshort portfolio denoted as HML, where a long position in portfolio P 5 is combined with a short position in portfolio P 1. Descriptive statistics for these seven portfolios are provided in Table 1 , Panel A.
[ Table 1 around here]
There is a clear pattern of monotonically increasing (annualized) average excess returns as from portfolio P 1 to portfolio P 5. These results are consistent with the theoretical analysis in the previous section where we argue that the net percentage basis is informative about the commodity futures risk premium. Although, there is no clear pattern in the standard deviation, the Sharpe ratios (SR) are also monotonically increasing, indicating that the excess return per unit of risk is higher for commodities with high percentage net basis. Skewness and excess kurtosis exhibit a convex pattern with the lowest values for portfolio P 3, while the conditional return distribution for the two corner portfolios, P 1 and P 5, is significantly more peaked and positively skewed relative to the normal distribution.
The perceived significant spread in the average excess returns of the five portfolios suggests that the percentage net basis is a good state variable for strategic asset allocation. The (annualized) average excess return from the self-financing strategy (HML) is almost 4 times higher than the EWA strategy. The HML strategy also offers much better risk-adjusted performance with a SR more than double that of the equally weighted average portfolio and half of its excess kurtosis. The performance of this long-short strategy also compares favourably with the US stock market. The (annualized) excess return on the S&P500 index over the same period is around 3% with an SR of 0.2.
The next section provides a risk-based explanation of the returns to the percentage net basis portfolios and considers the importance of risk factors that are available at the quarterly frequency. We thus compute quarterly excess returns of the above portfolios by compounding the three monthly excess returns for each quarter. Summary information about the performance of all portfolios at quarterly horizons is provided in Table 1 Cochrane (2005) stresses that, in arbitrage equilibrium where investors have concave utility, there is a pricing kernel M (or stochastic discount factor, SDF) that prices all payoffs, such that:
A risk based explanation of the expected returns
where R e i is the excess return of portfolio i ( 1, . . . , 5). An alternative representation of (9) that follows immediately from the definition of covariance is:
(10) While (9) provides insights for a risk based explanation of conditional risk premiums, the main challenge in the empirical literature is the identification of a stochastic discount factor that is correlated with the returns.
A traditional approach in the asset pricing literature is to specify the SDF as a linear func-tion of one or several factors. Recently, Yang (2013) investigates the covariance structure of commodity futures portfolios sorted on the basis and finds that the first two principal components account for almost 75% of the variation in the time series of portfolio returns. The first of these two components is highly correlated with the analogous EWA portfolio, while the second component is highly correlated with the analogous HML portfolio. Hence, these factors ought to price the sorted portfolios by construction.
We offer a risk-based explanation of commodity futures returns from a different angle. Gorton, Hayashi, and Rouwenhorst (2013) argue that physical inventories are a key determinant in the cross-sectional variation of expected commodity futures returns. Frankel (2014) stresses that expected changes in future economic activity have a direct effect on the current demand for inventories. Motivated by these insights, we test whether news related to future GDP growth can rationalize the excess returns of the five futures portfolios sorted on the percentage net basis. Consistent with the recent literature on asset pricing, the SDF used in our empirical work is given by:
where R EW A,t is the return of the EWA portfolio, R GDP,t is the return of the GDP-related factor, b 1 and b 2 are the SDF parameters (factor loadings), and µ X is the mean of X.
Since we consider news rather than expectations about GDP growth as a risk factor in the cross-section of futures excess returns, we follow Vassalou (2003) and use a mimicking portfolio to extract the information from the futures returns. In particular, we regress GDP growth four quarters ahead on the current quarter excess returns of the five futures portfolios, the default spread (DEF ), and the term spread (T ERM ):
We obtain seasonally adjusted real GDP data for the period 1971:Q1 to 2013:Q4 from FRED.
DEF is defined as the difference between the return of long-term corporate and long term government bonds. T ERM is the difference between the yields of a long term government bond and a 3-month Treasury bill. We use the data for DEF and T ERM from Amit Goyal's website. 8
The return of the factor mimicking portfolio is defined as R GDP,t estimates are regarded as portfolio weights and do not need to sum up to one, since all variables on the right-hand side of (12) are zero-investment portfolios. We conduct our analysis at quarterly as well as monthly horizons. In case of monthly frequency, we first estimate the coefficients in (12) using quarterly data and then use these estimates as weights for the monthly analogue of R e i , DEF , and T ERM to create R GDP .
Empirical results
In this section we first begin by analysing the relationship between GDP growth and the seven assets used to construct the mimicking portfolio. In particular, we are interested to see how much of the variation of future GDP growth is captured by these assets. We then briefly summarize the cross-sectional asset pricing approach for the empirical analysis.
5.1 A first glance at the factor mimicking portfolio [ Table 2 around here]
The second column of Table 2 gives the results from predicting the GDP growth over the period 1971:Q1 to 2013:Q4 (full sample). Some 19.7% of the variation in future GDP growth is captured by the model. The asymptotic p-value of the Wald test is lower than the conventional levels, indicating that the slope coefficients are jointly significant. The results suggest that the return of the five futures and two fixed income portfolios possesses forecasting power about next years GDP growth. We investigate in columns three and four the regression model performance in two non-overlapping subsamples. The break point of the full sample is chosen to highlight the rapid growth of commodity investments since early 2000s, which many researchers believe changed commodity futures price behaviour (see, e.g., Sockin and Xiong, 2014; Tang and Xiong, 2012) . The adjusted R-squared for the first subsample that ends in 1999:Q4 is 31.9% while that for the second is 23.1%. The asymptotic p-value of the Wald test is lower than conventional levels for both subsamples.
Empirical methods
A standard approach in the asset pricing literature is to normalize the mean of the SDF to one, i.e. E rMs 1, so that (10) becomes:
where R R R e is a 5 ¢ 1 vector of percentage net basis portfolio excess returns. For the ease of exposition we rewrite the SDF specification in (11) as:
where f t is a 2 ¢ 1 vector of risk factors whose first element is R EW A,t and the second element is R GDP,t . µ f Epf t q, and b is a vector with the associated factor loadings. This specification implies a beta representation of the form:
where Σ f E rpf t ¡ µ f qpf t ¡ µ f q I s. Representation (15) states that the expected excess returns of the five percentage net basis portfolios depend on their exposure to the candidate risk factors, i.e. β β β, and the factor risk premium, λ λ λ.
To estimate the parameters of (15) along with the mean of f we use Hansen's (1982) Generalized Method of Moments (GMM). Following Burnside (2012) we focus on the moment condition:
The GMM estimator of the factor means is µ f f and of the factor loadings iŝ
where d T denotes the covariance of R R R e with f , W T is the prespecified weighting matrix, andR R R e denotes the sample mean of R R R e . LetΣ f be the sample covariance matrix of f so that estimates of the factor prices are obtained as:λ
We take W T to be the identity matrix. Burnside (2012) points out that in this case the (first stage) GMM estimates of λ λ λ are numerically identical to those of the cross-sectional (second-pass) regression of Fama and MacBeth (1973) . Using the two factors R EW A,t and R GDP,t the cross-sectional regression is expressed as:
where the residualsâ i are pricing errors, whose GMM analogue is defined as:
The factor loadingsβ i in (19) are the coefficients in the multiple regression:
The betas are viewed as a measure of systematic risk of portfolio futures excess returns and u i,t
captures the idiosyncratic component of the portfolios.
In the next section, we test the relevance of the model using the J -statistic, which is given by Tâ a aV ¡1 Tâ a a, withâ a a defined in (20) Tâ a a (Burnside, 2012) . Under the null hypothesis that all pricing errors are jointly zero, the statistic is asymptotically distributed as χ 2 with three degrees of freedom.
Asset pricing results
Panel A of Table 3 shows the empirical results of the asset pricing test estimated by the GMM procedure.
[ Table 3 around here]
The results based on quarterly data are qualitatively similar to those based on monthly data.
The model captures the cross-sectional variation of returns quite well with R-squared statistics of around 90%. We also observe a very high p-value of the J-statistic at both frequencies, suggesting that the null hypothesis of the pricing errors being jointly zero cannot be rejected.
The GMM estimates of b and λ associated with the factor-mimicking portfolio are both negative and statistically significant, whereas those associated with the EWA portfolio are positive but only λ R EW A is significant. The negative price of risk implies demand for a higher premium for portfolios whose returns have negative covariance with the GDP-related factor. By contrast, if portfolio returns comove positively with R GDP , then the negative λ R GDP will translate into a lower risk premium.
The asset pricing results in Table 3 are interesting since Vassalou (2003) finds that news related to GDP growth is also a significant risk factor (along with the market portfolio) in the cross-section of equity returns. Therefore, the same risk factor drives returns in both the equity and commodity futures markets. As Campbell and Hamao (1992) point out, a finding of common risk characteristics is suggestive of market integration.
To investigate which futures portfolio provides a hedge against news about future GDP growth, Panel B in Table 3 summarizes the coefficient estimates from the time-series regressions in (21). We estimate the parameters jointly by GMM which delivers heteroscedasticity and autocorrelation (HAC) consistent standard errors. The results show that there is a high crosssectional dispersion in the betas associated with the GDP-related factor which is necessary for the model to be successful. They are all statistically significant and economically large at the monthly and quarterly frequencies, except for portfolios P 3 and P 4. Interestingly, these are the only two portfolios whose abnormal returns (i.e. a 3 and a 4 ) are insignificantly different from zero. The R-squareds are all reasonable and in the range between 43% and 62%. The opposite sign of the factor loadings for the extreme portfolios, P 1 and P 5, suggests that if the return of the mimicking portfolio increases, the return of futures with low percentage net basis will increase and the return of futures with high percentage net basis will decrease. Excess returns on all five futures portfolios have significantly positive loadings with respect to the R EW A factor but all estimates are very close to one. Since in the cross-sectional regression these betas act like a constant, we can regard λ R EW A as the models pricing error for the risk-free rate (see, Burnside, 2012) .
In Figure 1 we present the fit of this model by plotting the sample average excess returns on the x-axis and the fitted average excess returns on the y-axis.
[ Figure 1 around here]
Ideally, the data points should lie exactly on the 45-degree straight line but as we can see there are some pricing errors that are particularly large in the case of portfolio P 4 for quarterly data (Panel A) and P 1 for monthly data (Panel B). Nevertheless, the model appears to fit the data well, which corroborates the low cross-sectional mean absolute standard error (MAE) of 0.31% at quarterly frequency and 0.14% at monthly frequency (Table 3) .
Overall, this section shows that news about future GDP growth, captured by a factor mimicking portfolio, helps in understanding the cross-section of commodity futures excess return.
These findings are in line with Frankel (2014) who argues that expectations about future economic activity has a direct effect on transition demand for inventories and thus on spot and futures contract prices.
A horse race with HML
In this section we compare the performance of our two factor model with a model whose SDF specification includes R EW A and the return on the HML portfolio (R HM L ) described in Section 3. The unconditional correlation between HML and the GDP-related factor is ¡41%, suggesting that R GDP contains some additional information that is not captured by the HML. This prompts consideration of the case where R EW A , R GDP , and R HM L are included jointly in the SDF.
The SDF parameter estimates and the time-series regression coefficients for the first case are shown in Table 4 , Panels A-B. Consistent with the analysis in Table 3 , the results for quarterly (left panel) as well as monthly (right panel) frequency are reported.
[ Table 4 around here]
The use of quarterly data produces qualitatively similar results to those using monthly data.
The model which includes R EW A and R HM L has a high cross-sectional R-squared statistic of 84% (86%) for quarterly (monthly) data. The b and λ associated with the HML factor are positive and statistically significant. However, the model using quarterly data is rejected since the J -statistic of all pricing errors being jointly zero is insignificant at the 5% level. By contrast, the model using monthly data is rejected at the 10% but not at 5% significance level. The results from the time series regressions in Panel B reveal that the R HM L betas are very close to ¡0.5 and 0.5 for P 1 and P 5, respectively, and very close to zero for the other three portfolios. This pattern is consistent with the way HML has been created and, as Burnside (2012) points out, the failure of these types of models is due to their poor performance in explaining the returns of non-extreme portfolios.
The SDF and time-series estimates for the second case, where we include both the factormimicking portfolio for news about future GDP growth and HML, are reported in Table 5 .
[ Table 5 around here]
The estimate of the SDF factor loading in Panel A associated with the HML portfolio is no longer significant, even though λ R HM L is statistically significant. The b parameter associated with R GDP is also lower than the one reported in Table 3 but still statistically significant at the 10% level. The model is successful in explaining the cross-section of portfolio returns since the hypothesis of all pricing errors being jointly zero cannot be rejected at conventional levels, with a J-statistic of 1.553 at the quarterly frequency (left panel) and 1.051 at the monthly frequency (right panel). The factor betas in Panel B associated with the GDP portfolio are somewhat lower than that reported in Table 3 but the conclusions remain qualitatively similar.
In Table 6 we report results from analysis similar to those in Table 5 but now the HML portfolio is orthogonalized with respect to the GDP mimicking portfolio.
[ Table 6 around here]
The results show that, following the orthogonalization, R HM L is no longer priced in the crosssection of commodity futures returns, i.e. λ R HM L is no longer significant at even 10% level. By contrast, news related to future GDP growth is a highly significant risk factor with corresponding (GMM) t-statistics of ¡2.456 and ¡2.596 for b and λ, respectively. It seems reasonable to conclude from these results that R GDP contains additional information that is not captured by the return of the HML portfolio. 9
Alternative futures sorted portfolios
The performance of the factor-mimicking portfolio is impressive. However, it is interesting to verify whether the pricing power of this factor is affected by the choice of underlying test assets.
In this section we investigate the ability of the two R EW A and R GDP factors in explaining the cross-section of commodity futures portfolios sorted on either the basis or momentum.
We follow the strategy outlined in Section 3 in sorting commodity futures excess returns into portfolios, but we sort on the basis and momentum instead of the percentage net basis.
Following Gorton, Hayashi, and Rouwenhorst (2013), we define the basis as:
Again τ 1 is the number of days to the expiration of the nearest contract, F p1q t , and τ 2 is the number of days to the expiration of the next-to-nearest contract, F p2q t . Table 7 summarizes the descriptive statistics for these five portfolios at monthly and quarterly frequency.
[ Table 7 around here] The monotonic pattern of (annualized) average returns is consistent with the results in Yang (2013) and Szymanowska, de Roon, Nijman, and van den Goorbergh (2014) . The return of HML portfolio based on the basis is slightly higher than the corresponding portfolio based on percentage net basis. Indeed, the two variables are almost identical but the percentage net basis is adjusted for the interest rate between time t and t 1. In the last row of Panel A we report the correlation between the returns of these two sorting strategies. It is evident that the two variables capture the same information, since the correlation coefficients are in the vicinity of unity. The conclusions at the monthly frequency are identical.
9 Interestingly, Vassalou (2003) arrives at a similar conclusion for the two Fama-French factors. The two factors are the return of a portfolio strategy that buys stocks with high book-to-market ratio and sells stocks with low book-to-market, and the return of a portfolio strategy that buys small stocks and sells big stocks ((see, e.g. Fama and French, 1993) . [ Table 8 around here]
Unlike the results in Table 1 and 7, the annual average excess returns on momentum-based portfolios are not monotonically increasing, regardless of the data frequency. Nevertheless, the strategy that combines a long position in portfolio P 5 with a short position in portfolio P 1 is highly profitable, with an annual average excess return that is comparable with the long-short portfolios based on ether the basis or percentage net basis. The monthly momentum based portfolio returns are highly positively skewed and the skewness lessens as we move from P 1 to P 5. At the quarterly frequency this pattern is reversed -portfolios P 1 through P 3 have relatively small positive skewness, whereas for P 4 and P 5 it is around one. In contrast, the conditional distribution of returns from the HML strategy is quite symmetric and with excess kurtosis of 0.73. This suggests that the momentum based long-short portfolio is characterised by lower crash risk than the one based on the basis or the percentage net basis. The asset pricing results for the basis portfolios are shown in Panel A of Table 9 . To conserve space we report estimates only from the SDF approach. 10 [ Table 9 around here] At the quarterly frequency (left panel) our two factor model is successful at the 5% level of significance in explaining the cross-section of portfolio excess returns sorted on the basis but fails at the 10% level, since the p-value of the J-statistic is 0.09. However, at monthly frequency (right panel) the pricing errors of the basis portfolios are statistically insignificant at even the 10% level. The cross-sectional R-squared statistics are around 80% and the estimates of the SDF parameters are similar to the benchmark specification in Table 3 . Figure 2 shows the fit of the model for the basis portfolios. We observe a similar pattern to the plot in Figure 1 . In particular, there are some pricing errors for portfolios P 1 and P 4 at both quarterly (Panel A) and monthly (Panel B) frequency. Nevertheless, the MAE statistics is below 1% suggesting that overall the cross-sectional pricing error is not that large.
[ Figure 2 around here]
Panel B of Table 9 shows the results for the momentum based portfolios. The model explains the cross-section of portfolio returns quite well. The pricing errors are statistically insignificant at conventional levels. The monthly frequency R-squared is 97% and the MAE is 0.07%. The good fit of the model is also evident from the plot in Figure 3 , where all momentum portfolios line up close to the diagonal line at both the quarterly (Panel A) and monthly (Panel B) frequencies.
[ Figure 3 around here]
The negative exposure of these portfolios to the GDP-related factor is higher than the exposure of portfolios based on basis or percentage net basis. λ R GDP is also negative and significant. The EWA portfolio results are similar to those in Panel A of Table 3 .
To sum up, we find that news related to GDP growth is a priced risk factor in the crosssection of commodity futures returns and these findings are robust with the choice of underlying test assets.
Conclusion
This paper employs a sample of 26 commodity futures over the period from December 1969
to December 2012 to investigate the role of news about future GDP growth as a risk factor in the pricing of the cross section of commodity futures returns. This is motivated by the notion that expectations about future growth prospects are informative about inventories. The paper employs a cross-sectional asset pricing framework under the assumption that there is a parsimonious two factor pricing kernel that covaries significantly with returns. The first factor is a simple average of the set of all futures contracts and the second is a mimicking portfolio that captures news related to future GDP growth.
The results show that the percentage net basis (net convenience yield to price ratio) is informative about future yield growth and future risk premium. Sorting commodity futures into portfolios based on the percentage net basis results in monotonically increasing average excess returns. We argue that these portfolio returns are a compensation for risk associated with news about future GDP growth. We find that commodity futures with low percentage net basis provide a hedge against risk associated with future GDP growth, whereas futures with high percentage net basis comove negatively with the factor. The cross-sectional fit of the asset pricing model is impressive since it accounts for more than 90% of the spread in the sorted portfolios. Our empirical results support risk-based explanations for abnormal commodity futures returns. Since Vassalou (2003) found news about future GDP growth can explain the cross section of equity returns our findings provide indirect evidence on the integration of equity and commodity markets.
Our findings have some important practical implications but also provide several opportunities for further research. In terms of practical implications, we suggest that both investors and policy makers could use the news related to the GDP growth factor when modelling and forecasting commodity returns. Investors should certainly consider this factor when forming portfolios as otherwise, ceteris paribus, they may assume more risk than desired by investor characteristics. Relatedly, investors could consider using commodity futures with a low percentage net basis to provide a hedge against future GDP growth risk. Finally, in terms of further work, one might usefully consider the impact of regulation, business cycles or even natural disasters and climate change on commodity futures returns and risk. We leave these to future research.
Appendix A
In this appendix we provide details of the percentage net basis approximation in Section 2. The derivations are reproduced from Pindyck (1993) .
Similar to Campbell and Shiller (1988) , we relate the percentage net basis to the ex ante yield growth and excess return forecasts by approximating the one period return identity:
Given that z t C t {S t , we can rewrite the return as a function of the percentage net basis and the convenience yield:
Linearizing around the meansz andC yields:
Simplifying (A3), letting ρ p1 zq ¡1 , and defining the normalized variables z I t z t {z and
As in Campbell and Shiller (1988) , we can iterate forward and impose the terminal condition lim jÑV ρ j z t j 0 to obtain the approximate identity:
Since (A5) holds ex post it should also hold ex ante. Taking conditional expectations, we obtain (6).
Fama, Eugene F, and James D MacBeth, 1973, Risk, return, and equilibrium: Empirical tests, The table presents excess return characteristics of portfolios sorted on the percentage net basis at two frequencies: monthly (Panel A) and quarterly (Panel B). The portfolios are constructed so that P 1 contains the quintile of futures returns with the lowest percentage net basis, whereas P 5 contains the quintile of futures with the highest percentage net basis. The percentage net basis is defined as the ratio between the convenience yield and the spot price. The reported mean, median, and standard deviation are annualized and in per cent. Kurtosis represents the sample excess kurtosis relative to the normal distribution. SR represents the Sharpe ratio. EWA denotes the equally-weighted average return on a long position in all five portfolios. HML is the return difference between P 5 and P 1, i.e. it represents the return from buying portfolio 5 and shorting portfolio 1. The sample runs from December 1969 to December 2012. where R e i,t is the return on the percentage net basis portfolio i at time t (see notes to Table 1), DEF is the difference between the return of a long-term corporate and long-term government bonds, and TERM is the difference between the yields of long-term government bonds and the 3-month Treasury bill. GDPG is the seasonally adjusted real GDP growth over the period 1971:Q1 to 2013:Q4. Numbers in parentheses are Newey and West (1987) The table reports the cross-sectional asset pricing results (Panel A) and the time series-estimates (Panel B) of a two factor model, where the first factor is the average return from all percentage net basis portfolios (denoted as REW A) and the second factor is the return on a mimicking portfolio that captures news related to future GDP growth (denoted as RGDP ). In both panels the parameters are estimated via GMM, with heteroscedasticity and autocorrelation consistent standard errors in parentheses. All estimates are reported in per cent. The J-statistic for the overidentifying restrictions is also reported, with the corresponding p-value in parentheses. MAE represents the cross-sectional mean absolute standard error. The table reports the cross-sectional asset pricing results (Panel A) and the time series-estimates (Panel B) of a two factor model, where the first factor is the average return from all percentage net basis portfolios (denoted as REW A) and the second factor is the return on a portfolio long in P 5 and short in P 1 (denoted as RHML). See also notes to The table gives the cross-sectional asset pricing results (Panel A) and time series estimates (Panel B) of a three factor model. The first factor is the average return from all percentage net basis portfolios (denoted as REW A), the second factor is the return on a mimicking portfolio that captures news related to future GDP growth (denoted as RGDP ), and the third factor is the return on a portfolio long in P5 and short in P1 (denoted as RHML). See also notes to Table 5 but HML is orthogonalized with respect to the factor-mimicking portfolio. In both panels the parameters are estimated via GMM, with heteroscedasticity and autocorrelation consistent standard errors in parentheses. The J-statistic for the overidentifying restrictions is reported, with the corresponding p-value in parentheses. MAE represents the cross-sectional mean absolute standard error. The table presents excess return characteristics of momentum portfolios. Panel A summarizes the statistics at monthly frequency and Panel B at quarterly. The portfolios are constructed so that P 1 contains the quintile of futures with the lowest average return over the previous 12 months, whereas P 5 contains the quintile of futures with the highest average return over the previous 12 months. EWA and HML are derived analogously to those in Table 1 . Kurtosis represents the sample excess kurtosis relative to the normal distribution. The last row in each panel summarizes the correlations between the return on the basis portfolios and the corresponding portfolios from Table 9 Asset pricing results for portfolios sorted on basis and momentum Panel A reports the cross-sectional asset pricing results for the basis sorted portfolios. Panel B reports the corresponding results for the momentum based portfolios. The model specification is identical to that in Table 3 . In both panels the parameters are estimated via GMM, with heteroscedasticity and autocorrelation consistent standard errors in parentheses. All estimates are reported in per cent. The J-statistic for the overidentifying restrictions is also reported, with the corresponding p-value in parentheses. MAE represents the cross-sectional mean absolute standard error. 
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Figure 1 Pricing error for the percentage net basis portfolios
The figure shows the actual sample average excess returns (horizontal axis) on 5 futures portfolios sorted on the percentage net basis (see the text or notes to Table 1) versus the expected average excess returns (vertical axis) from a two factor asset pricing model. The first factor is an equally-weighted return from a long position in all percentage net basis portfolios, whereas the second factor is a factor-mimicking portfolio that captures news related to future GDP growth. The sample period is December 1969 to December 2012. 
